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We propose a method which can be used to perform real-time tracking of moving
vehicles on highways. In addition to tracking regular cars, the proposed method can aso
track a vehicle performing alane change. The proposed method consists of two sections:
a detection and a tracking. In the detection section, we use entropy-based features to
check for the existence of vehicles. Then, we perform tracking based on the entropy fea-
tures derived in the detection section. By conducting a great number of experiments, we
have demonstrated the efficiency as well as the effectiveness of the proposed system.
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1. INTRODUCTION

In recent years, automated traffic surveillance conducted using electronic devices
has become an important area of development in the Intelligent Transportation System
field. In different types of I TS-related applications, the tracking of moving vehicles plays
an important role. By tracking avehicle, oneis not only able to detect someillega events,
such as speeding or illegal lane change, but also calculate a number of traffic parameters,
such as the traffic flow or the average vehicle speed. Since the development of an
ITS-based city will be an important step in urban modernization, many research institutes
and private organizations have devoted great efforts to exploring related problems over
the past decade [1-5, 9, 10, 12, 13]. In [1], Beymer et al. proposed a feature-based
method for detecting and tracking moving vehicles in real time. Instead of tracking an
entire vehicle, they chose to track some features that were less sensitive to the problem of
partial occlusion. Their method works during both daytime and at night. However, the
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time complexity of their method is high. In [3], Masound et al. proposed a vision-based
system for monitoring traffic in weaving road sections. The system consists of three lev-
es: afeature level, blob level and vehicle level. They use a simple rectangular patch to-
gether with a dynamic behavior model to characterize a moving vehicle. Then, the track-
ing process is accomplished by applying an extended Kalman filter. Sullivan et al. [4]
developed a simplified version of a 3D model-based approach to track a vehicle. The
drawbacks of their approach are that a large set of models is required and the computa-
tion involved isintensive. In [5], Tseng et al. applied the snake model to extract the con-
tours of vehicles, and then used these contours as the bases for tracking vehicles. How-
ever, these features are very sensitive to occlusion, noise and ambient lighting conditions.
In this paper, we propose a new vision-based system that can perform real-time ve-
hicle detection and tracking. In the detection phase, we use entropy-based features to
check for the existence of vehicles [12, 13]. Then, we perform tracking by using the
above mentioned entropy-related features in combination with the leading edges detected
from target vehicles. From the experimental results, we have demonstrated the efficiency
aswell as the effectiveness of the proposed system. The rest of this paper is organized as
follows. In section 2, we provide a brief introduction to the underlying theory that is the
basis of the proposed system. The proposed method is presented in section 3. Finally,
experimental results and conclusions are given in sections 4 and 5, respectively.

2. UNDERLYING THEORY

In this section, the entropy theory that is used to define afeature for checking for the
existence of vehicles and performing real time tracking are introduced. Entropy is a
macro parameter that is commonly adopted to describe the degree of disorder of a system.
In this paper, we use the concept of entropy to judge the existence of a vehicle. In ther-
modynamics, the entropy of a system isusually defined as[11]

S=kInQ, 1

where Q is the probability of occurrence of a message. k and S represent a constant and
the entropy respectively. When the internal energy of a system increases, its entropy in-
creases as well. Usualy, equilibrium in a system will be reached when the constituent
molecules within the system are uniformly distributed. Under these circumstances, the
entropy reaches its maximum. Shannon’s entropy, which is commonly used in informa-
tion theory, is based on the concept that the gain in information from an event is in-
versely proportional to the probability of occurrence of a message, p;. Therefore, Shan-
non’s entropy can be defined as [8]

n
H=-> plogp. 2
i=1
n
It is assumed here that the probability distribution Z p; =1. Under this assumption, the

i=1
probability of every component must be greater tﬁan zero. Since the corresponding in-
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formation gain cannot be defined when a probability goes to zero, we adopt the exponen-
tial entropy defined by Pal and Pal [8] as our entropy measurement tool. In their ap-
proach, the information gain is defined as

| = exp(1 - p). ©)

Furthermore, the information gain that can be derived from a message is inversely pro-
portional to its probability of occurrence, p;. Therefore, the exponential entropy can be
defined as the expected value of the gain function, i.e.,

H=E()=)_ pepl-p). @

i=1

In thermodynamics [11], if a system absorbs a small amount of heat (energy), dQ,
then the entropy change of this systemis

dQ
aH T (5)
where T is temperature. It is apparent that the entropy change of a system is related to its
energy change. In this paper, a moving vehicle running on alane is considered to be the
transferring energy; thus, we use the entropy to check for its existence and, in the mean-
while, track its trajectory. Entropy has a property worth noting [12], which is based on
the concept that if the detection zone contains more blocks having connected components,
then its corresponding entropy islarger. Using this property, we are able to quickly check
for the existence of avehicle.

3. THE PROPOSED METHOD

In atypical traffic surveillance system, a camera is mounted high above and beside
aroad. In order to extract useful traffic parameters, in the first step, we use interframe
differencing to derive the difference between the current and the previous frames, and we
then binarize it to obtain a foreground object map as illustrated in Fig. 1. The equation
for the subtracting processis

10t 1 (P) = lea(P)|> Iin:

6
0 if |l (P)—la(P)|< i, ©

M(p)={

where I (p) and I,_,(p) indicate the intensity measured at pixel p of framesk and k — 1,
respectively. M here represents a binary image, and Iy represents a pre-determined
threshold.

We divide the subsequent tracking process into two steps: vehicle detection and ve-
hicle tracking. The details of these two steps are given in the following section.
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3.1 Vehicle Detection

In order to correctly detect a moving vehicle, we preset two detection zones in the
same lane and set the distance between them to D; (which will be explained in detail
|ater). A vehicle detection zone can be divided into n blocks as shown in Fig. 2, and the
probability P; of each block is

|:?=_" (7)

n
where N = Z N;,
i=1

N; is the number of active pixelsin the i"™ block of the detection zone, and N indicates the
total number of active pixels in the detection zone. Under these circumstances, the over-
all probability and the exponential entropy of the detection zone can be easily computed
using Eq. (4).

Fig. 2. Active pixel distribution in a detection zone.

When a vehicle passes through a detection zone, the variation of its corresponding
exponential entropy value with respect to the frame number is that shown in Fig. 3. In
order to check for the existence of a vehicle, we can check the variation of the exponen-
tial entropy within one of the detection zones over a period of time. The detection zone is
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Fig. 3. The variation of the exponential entropy occurring within a short time duration.
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partitioned into n blocks. When there are no vehicles, the corresponding exponential en-
tropy will be zero. However, if a vehicle moves into the detection zone and starts to oc-
cupy one block, then the exponential entropy jumps from 0 to 1 immediately based on Eqg.
(4). When the exponentia entropy reaches or comes very close to the maximum value,
i.e.,, 2.718(e), this indicates that the detection zone is occupied by a vehicle. The expo-
nential entropy value drops to 0 once the vehicle leaves the detection zone. The above
behavior can be characterized by using a mathematical model. The modeling process is
not atrivial task because the curve of exponential entropy has two discontinuities. These
discontinuities correspond to the exponential entropies detected at the instants when a
vehicle is entering and leaving a detection zone. Let f be a variable that represents the
frame number and H(f) be the exponential entropy at the instant of frame f. Assume that
it takes 2T frames for a vehicle to pass through a detection zone. If the vehicle moves at a
constant speed, then after a period of T frames, the exponential entropy will reach or
come very close to the maximum value, H,, = 2.718. Let the frame corresponding to the
highest entropy value be f,. The entropy for a car entering or leading a detection zone is
characterized by

G(f) if G(f)21
0 if G(f)<1,

=)
where G(f)=Hexp| - T .

The physical meaning of Eq. (8) can be analyzed with the help of Fig. 4. In fact, the
value of H(f) isregulated by G(f). If f is outside the 2T time duration (i.e., not in the de-
tection zone), then G(f) will be less than 1, and H(f) will be 0. At frame f, — T, a vehicle
is just entering the detection zone, and the exponential entropy is 1. If a vehicle is de-
tected at an instant between frames f, — T and f;,, then its exponential entropy will be lar-
ger than 1 but less than 2.718.

H(f)={ (8)
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Fig. 4. Distribution of H(f). The horizontal axis indicates the frame number, and the vertical axis
represents the exponential entropy value.

According to the previous discussion, we know that when a vehicle passes through a
preset detection zone, its corresponding frame by frame exponential entropy will change
from 1 to at most 2.718 and then back to 1. When a vehicle |eaves the detection zone, the
exponential entropy will soon drop to zero. To effectively detect vehicles in the imple-
mentation, we also make use of a special feature which is tightly associated with a vehi-
cle, the detected front edge caused by the shadow under the moving vehicle. This feature
is very stable and is suitable under most weather conditions. Some detected leading
edges of a number of moving vehicles are shown in Fig. 5.

Fig. 5. Detected leading edges of moving vehicles.

In order to correctly compute the velocity of a vehicle, we calculate the time dura-
tion, Ty, required by a vehicle to pass through two preset detection zones. When the lead-
ing edge of avehicle is aligned with the front margin of the first detection zone (see Fig.
6), we register the corresponding frame number. When the front edge of the same vehicle
moves forward and aligns with the front margin of the second detection zone, we record
the frame number again. T4 can be calculated using the difference between these two
frame numbers and then used to calculate the speed of a vehicle. If the distance between
the two detection zones is D;, then the speed, v, of a vehicle that passes through the two
detection zones can be computed by
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v=—"1, (9)

In our implementation, if a vehicle is speeding, it will trigger a tracking process. The
details of the tracking phase are given in the next section.

_E‘S’;‘ =

s _;"-n:,
By -
= ; S T —

Fig. 6. Two detection zones and their distance D;.

3.2 Vehicle Tracking

The Kaman filter is usually used to track a moving object. The basic operation of a
Kaman filter depends on trying to minimize mean sgquare difference between measured
features and predicted features by adjusting filter parameters. If a Kalman filter is used to
track a fast moving vehicle with distance feature, it may fail and track the wrong vehicle.
If more features are added, for example, color or shape, the performance will improve.
However, the computation time will rise as well. We use the velocity of avehicle to pre-
dict itslocation at the next frame. Since vehicles usually have relatively small changesin
speed between two consecutive frames, the prediction results are very accurate in most
Cases.

In order to perform accurate vehicle tracking, the effects of perspective projection
must be considered. We use a bounding box to track a target vehicle. When a tracked
vehicle is moving toward the viewer, its bounding box should be adjusted based on the
perspective projection rule. In addition, the concentration of active pixels enclosed within
the bounding box is used as an indicator to guide the tracking process.

Fig. 7 shows a number of vehicles moving from the northwest corner (coordinate
(0, 0)) toward the southeast corner. The locations of the bounding box in two consecutive
frames areillustrated in Fig. 8. Basically, the moving distance appears longer and longer
as the vehicle travels toward the southeast corner. This phenomenon is caused by the
perspective projection.

Since some visua features, such as color or shape, cannot be used reliably to per-
form tracking, we use the vehicle's velocity instead to estimate the distance moved by
the bounding box between two contiguous frames. We adopt the pinhole camera model
to compensate for perspective projection. After the size of the box is adjusted frame by
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Fig. 7. Vehicles moving from the northwest corner to the southeast corner.
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Fig. 8. Movement of the bounding box with respect to the time and spatial axis.

frame, the next step is to move the bounding box to its accurate horizontal position with
the help of entropy and the front edge of the bounding box. We shall describe this step in
detail later.

For vehicle tracking, we track along the x- and y-axis directions. First, we transform
the world coordinates into the camera coordinates. Fig. 9 illustrates the camera setup and
the relationship between the world coordinate system and the camera coordinate system.

Since with a high frame rate the time interval between two contiguous frames is
short, it is reasonable to assume that the vehicle is moving at a constant velocity, vV (t),
along a certain direction in the world coordinate system. Hence, v (t+1) = v"(t). For
simplicity, we align the image plane of the camera coordinate system (E,, €, €, ) with
the xy plane, and align the optical axis with the z-axis. Since any motion can be decom-
posed into three orthogonal directions, we assume that the rectangular box that is parallel
to the image plane has a velocity V(). In addition, its z component, Vs (t), is perpen-
dicular to the image plane. The x and y components, Vj (t) and \7‘y’ (t), arein the image
plane. The world coordinates and the camera coordinates basically have no relative motion.
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Fig. 9. (a) Side-view of camera setup and world coordinates; (b) Top-view of camera setup and
world coordinates. £ and « are the pan angle and the tilt angle respectively; h is the height
of camera.

Therefore, when we transform the world coordinates into the camera coordinates, the
value of V" (t+1) will not be equal to V°(t+1), but rather v°(t+1) =v°(t). The above
explanation indicates that the distance moved by a bounding box remains constant in the
camera coordinate system between any two contiguous frames, that is, d°(t + 1) = d*(t).

To derive the z-component of the rectangular box in the camera coordinate system,
we project the camera coordinates onto the image plane and find the corresponding
z-component, Z*. The mapping step that brings things onto the image coordinates is ac-
complished by using a pinhole camera model. Thus, the distance moved by the bounding
box along the x- and y-directions between two contiguous frames can be estimated as

i C
ax = 1, 2,
Z
. d C
dy = o (10)

where dx’ and dy® represent the distance moved by the bounding box between two con-
secutive frames along the x- and y-axes in the camera coordinate, respectively. Similarly,
dx and dy; are the distance moved by the rectangular box along the x- and y-axes in im-
age coordinates over timeinterval ttot + 1, and f. is the focal length of the camera. From
Eqg. (10), it is obvious that the bounding box depends on the value of . While the value
of Z cannot be measured directly from an image frame, it can be estimated from the
width of aroad lane.

After we transform the world coordinates into camera coordinates, the width of a
road, Wid;, is kept invariant. We consider the case that the optical axis of the cameralens
is not parallel to the road, so we assume the pan angle of a camerais £ in the camera
coordinate system. Then the parallel component of the lane width is Wid; /cosf as
illustrated in Fig. 10.
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Fig. 10. Relationship between the optical axis of the camera’ s lens and lane in the camera coordinate.

At time t, the bounding box moves toward the image plane along the Z° direction
axis. Based on the pinhole camera model, the parallel component of the lane width lo-
cated in the image plane, Wid,' can be computed by

wd:gﬂﬁgﬁﬁ. (11)
z
Substituting Eq. (11) into Eq. (10), we get
T
dy! 259%§é§&i d'. (12)

For computing the lane width, Wid{, we can compute the width between the right
and the left boundaries of alane asillustrated in Fig. 11. These boundaries can be deter-
mined based on the slope of the lane boundary and itsy intercept.

From Fig. 11, it is obvious that the width of a lane depends on the location of a

moving car. According to Eq. (12), the moving distance of the bounding box along x-axis
and y-axisis

(O _ Wid,
gy Wid{ ;'
i i
G Whdy (13)
dy,q Widy 4

Rewriting Eg. (13), we have
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Fig. 11. Vehicles move from northwest to southeast; dashed lines indicate the width of a lane at
different locations.

o Wid!
dI: _t 'dl_,
X Widi_, 1
o Wid
dyl =——t .dyl ,, 14
Y VVidtI—l dy; 4 (14)

where dx_;, and dx represent the distances moved by the rectangular box aong the
x-axis between the previous frame interval and the current frame interval. Similarly,
dy;; and dy; represent the distances moved by the rectangular box along the y-axis be-
tween the previous frame interval and the current frame interval. Wid;_; and Wid' rep-
resent the lane widths at the timest — 1 and t, respectively.

When the vehicle tracking process starts, we set timet = 0, and let Wid'; and Wid
represent the width of the road lane at the rear and front margins of the second detection
zone, respectively. dy'; represents the distance moved between two contiguous image
frames along the y-direction. Since different vehicles may have different velocities, the
number of frames need to capture the behavior of a vehicle moving in the x- and y- direc-
tions may vary. Let the number of frames used to describe the speed of some vehicle

moving in the y-direction be N. Then, dyi_1 = PWD, where Py, is the total number of active

pixels found between the two detection zones along the y-direction. Having dyi_l, we are
ableto derive dx'; based on the relation shown in Fig. 12,

SR 1 (15)

1 tang’

Using the above equation, we are able to estimate the distance moved by a bounding
box between any two image frames correctly and efficiently. The tracking process is
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Fig. 12. The relationship among the direction of motion of atracked target, the x-axis and y-axis.

divided into two steps. In the first step, we predict the location of the bounding box in the
y-direction. We have mentioned in the previous section that the detected |eading edge of
a moving vehicle can be used to track a vehicle. Therefore, in the process of predicting
the y-coordinate of a bounding box that encloses a moving target vehicle, we try to align
the front side of the box with the leading edge of atracked vehicle. In the case of Fig. 13
(a), the bounding box will be shifted down to make its lower side align with the leading
edge of tracked vehicle. On the other hand, if the situation is like the case shown in Fig.
13 (b), the box will be shifted up. All the adjustments mentioned above are based on the
value of entropy and the alignment between the box and the front edge of avehicle.

(b)

Fig. 13. The relationship between the bounding box and atarget vehicle (a) box movestoo little.
(b) box movesto far.

After the y-coordinate of the bounding box is determined, the next step is to calcu-
late its x-coordinate. Since a tracked vehicle may change lanes during the tracking period,
we have to adjust the horizontal location of the bounding box. Here, we use the entropy
property. As explained in the previous section, if there are many blocks in the detection
zone containing connected components, then its corresponding exponential entropy will
be large. Based on this criterion, we are able to shift a bounding box horizontally and
finally decide on the best matched bounding box. Fig. 14 shows the exponential entropy
corresponding to the cases when the bounding box is located at three different horizontal
positions. From Figs. 14 (a)-(c), it is obvious that when the target vehicle is better
aligned with its bounding box, the exponential entropy is larger.
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Fig. 14. The better the alignment between the vehicle and its bounding box, the higher the expo-
nential entropy.

3.3 Deter mining the Size of a Bounding Box

As mentioned in the previous section, the size of a bounding box is subject to
change due to perspective projection. Since the size of a bounding box will affect the
calculation of the exponential entropy, it has to be updated frame by frame. Here we shall
provide a way to calculate the size of a bounding box at any position. Actually, the size
of a vehicle at any position is related to the perspective relationship between the real
word space and the image plane. Thus, we assume that a rectangular box is parallel to the
image plane at coordinate %, with width W° and length L°. When a rectangular box is
projected onto the image plane, the widths of a lane at different times, t — 1 and t, can be
calculated

- We WS
W= fo—m W = fc?' (16)
-1

Based on Eq. (11) the widths of alane at distinct locations are inversely proportional to Z£.
Therefore, by substituting Eq. (16) into Eq. (10), we obtain

W, Wi,

W W an

In order to keep the same length-width ratio of atracked box, the following relation must
be satisfied

i i
Lo L (18)
W, W

Therefore, we have

t
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The above equation indicates that the length and width of a bounding box are propor-
tional to the width of aroad lane in an image. When the tracking processiis triggered, the
length L;.; and width W,.; of the bounding box can be derived. Meanwhile, the width of a
road lane, Wid,.;, can be measured from an image frame. With the above information, we
are able to derive the width of aroad lane at any location. Meanwhile, we can update the
size of a bounding box frame by frame and then compute its corresponding exponential
entropy.

4. EXPERIMENTAL RESULTS

In the experiment we adopted several real video sequences that were provided by
the transportation bureau of the Taipei City Government to test our algorithm. These
video sequences were taken by a camcoder mounted above and beside the road. The
frame rate was 10 frames/sec, and the width and height of each frame were 320 and 240
pixels, respectively. Our system was able to process each frame at a rate of 0.11 sec-
ond/frame. Figs. 15 (a)-(f) is a typical example showing how our tracking algorithm
works. After a vehicle moved through the two detection zones (Fig. 15 (a)), it (in the
bounding box) was identified as a candidate car and then tracked. In the subsequent
frames (Figs. 15 (b)-(f)), the tracked vehicle changed lanes, and our tracking algorithm
was able to correctly track it.

' (c) Frame 65. - (d) Frame 69.
Fig. 15. Our tracking algorithm is able to track a vehicle that performs alane change.
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(e) rame 75. ) Fram 79.
Fig. 15. (Cont’d) Our tracking algorithm is able to track a vehicle that performs alane change.
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Fig. 16. The horizontal axis represents the frame number. (a) The vertical axis indicates the differ-
ence in pixel between the front margin of a bounding box and the front edge of a moving
box. (b) The vertical axis represents the difference in pixels between the right lateral mar-
gin of the bounding box and the position of the most right pixel included in a target vehi-
cle.

In order to verify the correctness of our tracking algorithm, we conducted another
experiment. In the experiment, we checked to see if the front edge of a tracked vehicle
was able to align with the front margin of a bounding box that enclosed the vehicle. Fig.
16 and Table 1 show the results obtained in this experiment. The horizontal axis in
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Table 1. The x- and y- directional distances from the point of origin for the margin of a
bounding box and the front edge of a moving box and their differences.

x-directional x-directional y-directional y-directional
Frame | position of right | position of most | Difference of | distance of front | distance of front | Difference of
Number | lateral pixelsof | right marginof | x- direction edge of target margin of y- direction
target vehicle bounding box vehicle bounding box

57 176 177 -1 129 131 -2
58 178 181 -3 131 135 -4
59 184 184 0 134 138 -4
60 187 187 0 137 141 -4
61 187 187 0 138 141 -3
62 190 190 0 140 144 -4
63 196 192 4 143 146 -3
64 201 196 5 146 150 -4
65 204 200 4 150 154 -4
66 210 206 4 154 150 4

67 218 211 7 157 161 -4
68 221 219 2 162 165 -3
69 227 223 4 165 169 -4
70 233 227 6 171 173 -2
71 239 236 3 174 177 -3
72 247 242 5 180 183 -3
73 254 247 7 184 188 -4
74 259 251 8 189 192 -3
75 267 259 8 196 195 1

76 274 276 -2 200 203 -3
77 283 284 -1 207 211 -4
78 292 290 2 213 217 -4
79 301 297 4 220 224 -4

Fig. 16 (a) represents the frame number, and the vertical axis indicates the difference (in
pixels) between the front margin of a bounding box and the distance of the front edge of
amoving box along y-direction. The vertical axisin Fig. 16 (b) represents the difference
(in pixels) between the right lateral margin of bounding box and the position of the right
most pixel covered by atarget vehicle. It is obvious that these differences are very small.
From thisresult, it is apparent that the proposed tracking algorithm is effective.

We aso conducted a set of experiments to verify that our tracking approach was
able to handle noisy situations. Fig. 17 shows a sequence of binarized images. When im-
ages were taken, there was a lot of jitter. Figs. 17 (a) and (d) show two frames that had a
lot of noise caused by significant image jitter. The experimental results show that the
proposed tracking algorithm was still successful under such bad situations.

In order to check whether the entropy-based approach is suitable for different
lighting conditions, we also conducted a great number of experiments using different
threshold values of interframe differencing, Iy, (as defined in Eq. (6)). Fig. 18 shows the
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(a) Frame 217. (b) Frame 218.

() Frame 229. ' (f) Frame230.

Fig. 17. Tracking results obtained under noisy conditions. In (b), (d) and (€), the overlapping boxes
indicate that our algorithm can adjust the tracking position.

success rates achieved when different threshold values were used. A frame was consid-
ered successful if its corresponding bounding box covered 95% area of a tracked target
and the bottom margin of this box aligned with the front edge of the target. From this set
of experiments, it is obvious that the range of allowable I values is broad (from 20 to
80). With this broad allowable range, we can aways set I to 50 so that the system will
be as stable as possible. In addition, the broad allowable |, range implies that the se-
lected entropy-based features are insensitive to varying lighting conditions.
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Fig. 18. Accuracy rate achieved when different threshold values were used for interframe differ-
encing.

5. CONCLUSIONS

We have proposed a method which can be used to perform real-time vehicle detec-
tion and tracking. In addition to detecting vehicles, the proposed approach is also able to
track a vehicle performing alane change. The proposed approach consists of two phases:
a detection phase and a tracking phase. In the detection phase of the proposed method,
we use entropy to check for the existence of a vehicle. In the tracking phase, the en-
tropy-based features are used to track the moving vehicles. Through a large number of
experiments conducted using real data, we have demonstrated that the proposed method
is efficient and accurate.
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